INTRODUCTION
The common kinds of DNA modifications, namely, 5-methylcytosine (5mC), 5-hydroxymethylcytosine (5hmC), N 6 -methyladenine (6mA), and N 4 -methylcytosine (4mC), have been identified in diverse species Ratel et al., 2006) . All these modifications are essential in a number of key biological reactions (Fu and He, 2012) . As an epigenetic mechanism, DNA methylation is introduced into a DNA molecule by adding methyl or hydroxymethyl groups to nucleotides (see also Figure S1 ), which plays an essential role for the normal development of organism, including genomic imprinting, X chromosome inactivation, repression of transposable elements, aging, and carcinogenesis (Bergman and Cedar, 2013; Smith and Meissner, 2013) .
The 5hmC is generated from 5mC by Ten-eleven translocation (Tet) family proteins. Various studies indicate that 5hmC not only acts as an intermediate during 5mC demethylation, but also plays a potential active role during maintenance of pluripotency in embryo stem cells (ESCs), neural system development, and tumorigenesis (Thomson and Meehan, 2017) . Moreover, 5hmC may be involved in regulating gene expression by association with different regulatory elements and processes (Szulwach et al., 2011) . The 6mA is formed by transferring methyl groups to the sixth position of the adenine ring catalyzed by methyltransferases. It is a non-canonical DNA modification that is present at low levels in different eukaryotes (Greer et al., 2015; Mondo et al., 2017) . 6mA possesses similar characteristics between prokaryotes and eukaryotes (Heyn and Esteller, 2015) and has a variety of roles, such as guiding the discrimination between original and newly synthesized DNA strand after replication (Wion and Casadesus, 2006) , regulating gene transcription and repressing transposable elements, and reducing the stability of base pairings for opening DNA duplexes during the cell cycle (Fang et al., 2012) . Strikingly, the protection from methylation is an inherited state that, however, can be modified by environmental conditions (Wion and Casadesus, 2006) . The 4mC is catalyzed by the N-4 cytosine-specific DNA methyltransferase (DNMT) that specifically methylates the amino group at the fourth position of cytosine in DNA (Timinskas et al., 1995) . It is a member of the restriction modification (RM) systems and can protect the host DNA against degradation by restriction enzymes (Schweizer, 2008) . In prokaryotes, 4mC is primarily used for distinguishing self from foreign DNA and correcting DNA replication errors (Iyer et al., 2011; Modrich, 1991) .
Recently, several studies have revealed the genome-wide distribution of 5hmC and 6mA in Homo sapiens and Mus musculus (Wu et al., 2016; Xiao et al., 2018) and the 4mC in Tolypocladium sp SUP5-1 (Stamps et al., 2015) , Casuarina equisetifolia (Ye et al., 2019) , and so on. Although these studies testified the presence of 5hmC, 6mA, and 4mC in various genomes based on experiments and indeed achieved encouraging results, the short-read sequencing and long-read sequencing techniques still have drawbacks. For example, bisulfite sequencing with short-read techniques is widely used to call methylated cytosines by converting unmethylated cytosines to uracil , but its positioning efficiency is low and genome coverage is uneven, resulting in poor sequencing quality; PacBio followed by long-read sequencing can identify DNA modifications in genome-wide scale, but it lacks high signal-tonoise ratio for DNA modifications. Moreover, in the organism kingdom, the levels of 5hmC, 6mA, and 4mC were suggested to be low and to be detectable by highly sensitive technologies. Thus, computationally prediction of 5hmC, 6mA, and 4mC is a good choice to reduce the experimental costs and provide informational guidance for the experimental study on epigenetic modification research.
In fact, several machine learning-based methods have emerged as an attractive approach for DNA methylation sites identification (Basith et al., 2019; Manavalan et al., 2019b) . Recently, Ni et al. (Ni et al., 2019) extracted sequence information from Nanopore sequencing reads and proposed a deep learning-based classifier called DeepSignal to identify 6mA and 5mC sites in H. sapiens and Escherichia coli. Later, Liu et al. (2019) designed DeepMod, a bidirectional recurrent neural network with long short-term memory to identify 6mA and 5mC sites in E. coli, Chlamydomonas reinhardtii, and H. sapiens. Subsequently, developed a webserver named i6mA-Pred based on nucleotide chemical properties and support vector machine (SVM) to predict 6mA sites in rice genome. Similarly, Yu et al. (Yu and Dai, 2019) proposed another computational tool-based deep learning, called SNNRice6mA, for 6mA identification in rice genome. By using manually crafted DNA sequence features, Kong et al. (Kong and Zhang, 2019) built a bagging classifier to identify 6mA sites in rice genome. In addition, Basith et al. (2019) developed a novel computational predictor, called the Sequence-based DNA N6-methyladenine predictor (SDM6A), which is a two-layer ensemble approach for identifying 6mA sites in the rice genome. Based on the experimentally confirmed 4mC sites data, Chen et al. (2017) first built a novel predictor called iDNA4mC to identify 4mC sites in multiple species. Later on, based on Chen et al.'s dataset , Wei et al. (2019) proposed an iterative feature representation algorithm that enables one to learn informative features from several sequential models in a supervised iterative mode to identify 4mC sites. Manavalan et al. (2019a) developed Meta-4mCpred and 4mCpred-EL for the identification of 4mC sites in the mouse genome and six other species, respectively, using meta and ensemble approaches. Hasan et al. (2019) developed a tool called i4mC-ROSE for identifying 4mC sites in the genomes of Fragaria vesca and Rosa chinensis based on random forest classifier with various aspects of DNA sequence information. However, the above-mentioned predictors are trained by using species-specific data and thus may produce a low true-positive rate with a high false-positive rate when generalized to other species. Thus, it is urgent to develop novel 5hmC, 6mA, and 4mC site predictors that will be applicable for different species.
In view of the aforementioned description, this study was devoted to developing new methods for identifying 5hmC, 6mA, and 4mC sites in different species. We first collected and constructed 17 objective benchmark datasets including experimentally confirmed 5hmC/6mA/4mC sequences and non-5hmC/ non-6mA/non-4mC sequences from 17 genomes. Subsequently, three kinds of sequence encoding features were proposed to formulate samples and then used as the input of the Random Forest algorithm (RF) to discriminate 5hmC/6mA/4mC from non-5hmC/non-6mA/non-4mC, respectively. Several experiments were performed to investigate the performance of the proposed methods. Finally, based on the proposed methods, a predictor called iDNA-MS was established.
RESULTS AND DISCUSSION

Sequence Analysis
In genome, some DNA consensus sequences are widespread and are conjectured to have biological functions, such as serving as transcription factor binding sites (Xiao et al., 2018) . Finding the potential oligonucleotide distribution patterns of sequences around modification site will be an effective step in understanding why the site is modified and in revealing the biological functions of modifications (Smith and Meissner, 2013) . To investigate the nucleotide distribution surrounding modification sites, the Two Sample Logos (Crooks et al., 2004) was plotted to observe the statistical difference of nucleotide occurrence between positive and negative samples. As shown in Figures 1 and S2 , the modification sequences are significantly different (t test, p value<0.05) from non-modification samples in terms of nucleotide distribution. For 5hmC shown in Figure 1A , the nucleotide distribution patterns between H. sapiens and M. musculus are extremely similar. A highly conserved guanine appears at position 22 (+1 site related to 5hmC site) of the 5hmC-containing sequence; in contrast, the corresponding position in non-5hmC-containing sequence prefers to adenine, cytosine, and thymine. Moreover, we also observed the enrichment of cytosine in upstream regions of 5hmC site. These results imply that these special nucleotide distribution patterns could provide functional signal to MTases. Thus, it is reasonable to extract the positional information of the sequences to construct prediction model. Figure 1B , we found some similar patterns of the nucleotide distributions around 6mA among seven species. First, a consensus motif, namely, [G/A]AGG, was observed in 6mA samples, which has been also reported in publications Zhou et al., 2018) . Second, there are high-frequency repeat A-containing segments in both upstream and downstream of 6mA sites, which is consistent with the periodic pattern of deposition in zebrafish (Liu et al., 2016) . Especially, the upstream of 6mA sites have a consensus sequence of AAAAA from position 15 to 19 (from À6 to À2 upstream 6mA site). Finally, we further investigated the sequence motif of the 6mA sites in other species (See also Figure S2 ). We found that the nucleotide composition bias regions exist from position 22 to 23 (GG) in F. vesca, R. chinensis, and Xoc. BLS256. Figure 1C (a) and (b), the consensus motif, namely, CCC[C/G]G[G/C], was observed over the range of position 17-23 (from À4 to +2 around 4mC site) in C. equisetifolia and F. vesca. For S. cerevisiae and Ts. SUP5-1, we found that two motifs, namely, CAA and AAC, were located at positions 15-17 (from À6 to À4 upstream 4mC site) and 25-27 (from +4 to +6 downstream 4mC site), respectively. These results indicated that the 4mCs have different nucleotide-enriched regions. Their nucleotide distribution patterns are species specific; however, within plants (C. equisetifolia and F. vesca) or fungi (S. cerevisiae and Ts. SUP5-1), some conserved motifs can still be observed.
As shown in
Performance Evaluation on Different Features
In this section, we attempt to answer the following question: which features are the most important for identifying 5hmC/6mA/4mC in each species? For this, we first investigated the prediction performances of different kinds of features, namely, K-tuple nucleotide frequency component (KNFC), nucleotide chemical property and nucleotide frequency (NCPNF), and mono-nucleotide binary encoding (MNBE) and their four combinations for identifying three types of modification in 17 genomes. The prediction results of the RF-based models were recorded in Figure 2 and Table S1 . We noticed that the best prediction performances for the 5hmC recognition are obtained by NCPNF and NCPNF-MNBE in the H. sapiens and M. musculus, respectively. However, for all 6mA and 4mC identifications, the best prediction performances are always generated by MNBE.
Although NCPNF is not better than MNBE, its area under the curves (AUCs) for all species are acceptable. The reason is that, although the core ideas of the two feature extraction methods are different, when they are used to transform the sequence into a feature matrix, some same features are produced, whereas MNBE can capture more position-specific information of one single nucleotide in positive and negative samples so as to obtain higher prediction performance. In fact, the KNFC is the worst descriptor among all features. This is because an active methyltransferase methylates nearly all (often >95%) target sequence motifs in a prokaryotic genome (Blow et al., 2016; Fang et al., 2012) . In contrast, 6mA is a much less motif-driven modification in eukaryotes (Luo et al., 2016; Wu et al., 2016) , likely owing to their involvement in functional regulation rather than RM systems. Moreover, we speculated that the 5hmC and 4mC modifications have a similar motif-driven rule as the 6mA modification. Taken together, the final models of 17 genomes were established based on their best features. For instance, the optimal features for identifying 5hmC in H. sapiens and M. musculus are NCPNF and NCPNF-MNBE, respectively. However, the MNBE is the best feature for identifying 6mA and 4mC sites in the other 15 genomes.
Performance Evaluation on Different Algorithms
To further testify the superiority of our proposed method, we investigated the discriminant capabilities of three classic algorithms, i.e., Naive Bayes, Bayes Net, and Decision Tree, on the benchmark dataset by using 5-fold cross-validation. All algorithms were implemented in WEKA (Frank et al., 2004) . The results are shown in Figure 3 and Table S2 . It was found that RF was the best one among the four compared algorithms in some cases for identifying modification sites. But in some species, Naive Bayes and Bayes Net can also produce the best predictive performances. Thus, the final model was built based on the best classification algorithm. For instance, all models that identify 5hmC sites were constructed based on Bayes Net, whereas models that recognize 6mA and 4mC sites were built almost exclusively on RF.
Performance Evaluation on Independent Dataset
In order to further evaluate the performance of our proposed method, the independent datasets were used to measure the stability and generality of the proposed model (Basith et al., 2020) . The predictive results thus obtained were listed in Figure 4 and Table S3 . We observed that all models produced satisfactory results regardless of whether the modification type was 5hmC or 6mA, suggesting that our method is robust and reliable. However, the AUC obtained by the 4mC site recognition models was around 0.8, indicating that it is difficult to identify 4mC sites in fungi (S. cerevisiae) and plants (C. equisetifolia, Ts. SUP5-1). But these models are still the state-of-the-art tools for methylation sites analysis.
Cross-Species Validation
To explore whether knowledge transfer information can be applied to study the relationships of interacting species, it is necessary to demonstrate whether a model trained with the data from one species could recognize the modification sites in other species. To this end, we trained 17 species-specific models using the species-specific 5hmC/6mA/4mC data and validated these models on the 5hmC/6mA/4mC data from other species. The predictive accuracies thus obtained were shown in Figure 5 and Table S4 .
As shown in Figure 5A , when H. sapiens and M. musculus data were regarded as independent testing data, we evaluated the H. sapiens-and M. musculus-based models and obtained satisfactory results. The accuracies for H. sapiens and M. musculus are 97.09% and 94.92%, respectively, suggesting that the knowledge based on a transfer learning method from the source domain (H. sapiens or M. musculus data) was well applied in the target domain (H. sapiens or M. musculus data). As shown in Figure 5B and Table S4 , we can clearly find the poor prediction accuracies (<71%) for C. elegans, T. thermophile, and Xoc. BLS256 obtained by using other species-based models. This indicates a huge difference between these species in the 6mA modification pattern. Moreover, as shown in Figure 5C , the best accuracy is always obtained by model built based on the data from itself. However, the result based on the S. cerevisiae model is unsatisfactory with the accuracy of 74.24%. The reason is perhaps that the S. cerevisiae-based model was trained on less samples than other models. In summary, our proposed models display high accuracy, robustness, and generality for identifying the modification sites. 
vesca Genomes
There is evidence that 6mA and 4mC have similar functions in prokaryotes and are primarily used for distinguishing self from foreign DNA (Iyer et al., 2011) . These modifications are considered to be signaling or epigenetic modifications because they are predicted not to disrupt DNA base pairing (Iyer et al., 2011) . These suggest that 6mA and 4mC may have synergistic effects through co-localization during the development of the organism. Therefore, we calculated the distant distribution between 6mA sites and 4mC sites to investigate the co-localization of the two modifications in the genome. The results showed that 6mA and 4mC had significant co-localization in C. equisetifolia and F. vesca, and slight co-localization in S. cerevisiae, whereas 6mA generally does not co-localize with 4mC in Ts. SUP5-1 ( Figure 6 ). This indicates that 6mA and 4mC are two similar marks in plant genome (C. equisetifolia and F. vesca) rather than fungal genome (S. cerevisiae and Ts. SUP5-1) (Quandt et al., 2014) . 
Distribution of 5hmC on DNA Loop
Genome-wide 3D chromosome organization mapping technologies have revealed important insights on genome folding that the spatial organization of genome plays a significant role in the transcriptional control of genes (Dekker and Mirny, 2016; Dixon et al., 2012) . The DNA loop, as the smallest spatial structure that can be recognized by chromosome conformation capture technology, is thought to reflect the activities of transcription factors (TFs), cohesion, and CCCTC-binding factor (CTCF) (Dowen et al., 2014; Gorkin et al., 2014) . Although the role of histone marks in DNA loops has been extensively explored, we do not yet know the relationship between the DNA modifications and loops (Bonev and Cavalli, 2016; Dowen et al., 2014) . To address this question, we examined the distribution of 5hmC in loops from M. musculus embryonic stem cells (ESs) (Salameh et al., 2019) . The results in Figure 7 showed that 5hmC modification sites enrich in the initial and middle of the loops. The reason might be that ESs need a large number of promoter-associated loops to maintain the active transcriptional state of the genes. These promoters locate at the 5 0 region of the loop and function independently of CTCF (Bonev and Cavalli, 2016) . More experiments showed that 5hmC is enriched at both extended promoter regions of Polycomb-repressed developmental regulators and gene bodies of actively transcribed genes (Wu et al., 2011) .
Web-Server
More and more researches have demonstrated that the database and the web-server can provide scholars with more convenient services. Thus, for convenience of researchers, we established a user-friendly webserver called iDNA-MS to identify 5hmC, 6mA, and 4mC modification sites in 17 genomes, which can be freely accessed at http://lin-group.cn/server/iDNA-MS.
Below, we give researchers a step-by-step guideline on how to use the web-server. Users can open the homepage as shown in Figure 8 to see a short introduction about iDNA-MS. One may first click the ''Web-server'' button, then type or copy/paste the DNA sequence in the input box, or upload the FASTA format file. Note that the length of each sequence should be greater than 41 nt long. Subsequently, after clicking the ''submit'' button, the predicted results will appear on a new page. We hope that it will provide a convenient way for users concerned on DNA modifications. 
Limitations of the Study
Novel feature description methods should be used. In addition, the positional distribution of epigenetic modification sites and different DNA elements can be further studied, for example, the relationship between DNA modification and nucleosome in whole genome.
METHODS
All methods can be found in the accompanying Transparent Methods supplemental file.
DATA AND CODE AVAILABILITY
The datasets are publicly available at http://lin-group.cn/server/iDNA-MS. All software used are published and/or in the public domain. All pipelines and Python scripts used in the study are available at http://lingroup.cn/server/iDNA-MS/download.html.
SUPPLEMENTAL INFORMATION
Supplemental Information can be found online at https://doi.org/10.1016/j.isci.2020.100991. Liu, J., Zhu, Y., Luo, G.Z., Wang, X., Yue, Y., Wang, X., Zong, X., Chen, K., Yin, H., Fu, Y., et al. (2016) . Abundant DNA 6mA methylation during early embryogenesis of zebrafish and pig. Nat. Commun. 7, 13052.
ACKNOWLEDGMENTS
Liu, Q., Fang, L., Yu, G., Wang, D., Xiao, C.L., and Wang, K. (2019) . Detection of DNA base modifications by deep recurrent neural network on Oxford Nanopore sequencing data. Nat. Commun. 10, 2449.
Luo, G.Z., Wang, F., Weng, X., Chen, K., Hao, Z., Yu, M., Deng, X., Liu, J., and He, C. (2016) . Characterization of eukaryotic DNA N(6)methyladenine by a highly sensitive restriction enzyme-assisted sequencing. Nat. Commun. 7, 11301.
Lv, H., Dao, F.Y., Guan, Z.X., Zhang, D., Tan, J.X., Zhang, Y., Chen, W., and Lin, H. (2019). iDNA6mA-Rice: a computational tool for detecting N6-methyladenine sites in rice. Front. Genet. 10, 793. Wu, H., D'Alessio, A.C., Ito, S., Wang, Z., Cui, K., Zhao, K., Sun, Y.E., and Zhang, Y. (2011). Genomewide analysis of 5-hydroxymethylcytosine distribution reveals its dual function in transcriptional regulation in mouse embryonic stem cells. Genes Dev. 25, 679-684.
Wu, T.P., Wang, T., Seetin, M.G., Lai, Y., Zhu, S., Lin, K., Liu, Y., Byrum, S.D., Mackintosh, S.G., Zhong, M., et al. (2016) . DNA methylation on N(6)adenine in mammalian embryonic stem cells. Nature 532, 329-333.
Xiao, C.L., Zhu, S., He, M., Chen, Zhang, Q., Chen, Y., Yu, G., Liu, J., Xie, S.Q., Luo, F., et al. (2018) . N(6)-methyladenine DNA modification in the human genome. Mol. Cell 71, 306-318 e307. Ye, G., Zhang, H., Chen, B., Nie, S., Liu, H., Gao, W., Wang, H., Gao, Y., and Gu, L. (2019) . De novo genome assembly of the stress tolerant forest species Casuarina equisetifolia provides insight into secondary growth. Plant J. 97, 779-794. Yu, H., and Dai, Z. (2019) . SNNRice6mA: a deep learning method for predicting DNA N6methyladenine sites in rice genome. Front. Genet. 10, 1071.
Zhou, C., Wang, C., Liu, H., Zhou, Q., Liu, Q., Guo, Y., Peng, T., Song, J., Zhang, J., Chen, L., et al. (2018) . Identification and analysis of adenine N (6) 
Transparent Methods
Benchmark Dataset
The 5hmC site containing sequences for H. sapiens and M. musculus were collected from NCBI Gene Expression Omnibus (GEO) database . The 6mA site data for 11 species (Arabidopsis BLS256)) were obtained from the MethSMRT database (Ye et al., 2017) , published reference (Ye et al., 2019) , MethSMRT database (Ye et al., 2017) , MDR database , published reference (Xiao et al., 2018) , MDR database , MethSMRT database (Ye et al., 2017) , GEO database (Wang et al., 2017) and NCBI Genome database (Xiao et al., 2018) , respectively. The 4mC site data for 4 species (C. equisetifolia, F. vesca, ) were obtained from the MDR database and MethSMRT database (Ye et al., 2017) . Preliminary trials indicated that when the length of the segments is 41 nt with the 5hmC/6mA/4mC in the center, the highest predictive results could be obtained. Thus, the sequences of all positive samples are 41 nt. In order to construct a high quality benchmark dataset, the following two steps were performed. Firstly, for jump-seq data, to ensure the effectiveness of 5hmC calls, we selected the samples with percentage of 5hmC (5hmC calls number/sequencing depth) greater than 95%. For SMRT data, as illustrated in the Methylome Analysis Technical Note (Ye et al., 2017) , when the modification QV (modQV) is set to 30 for calling a position as modified, the accuracy can reach to 99.9%. Thus, the sequences with modQV no less than 30 are left for the subsequent analysis. It should be noted that in order to obtain statistically significant results, if the raw data is too small, this step was ignored to get more samples. Secondly, to avoid redundancy and reduce homology bias , sequences with more than 80% sequence similarity were removed using the CD-HIT program (Li and Godzik, 2006) . After the above two steps, the objective and strict positive datasets for above species were obtained.
The negative samples (non-5hmC/non-6mA/non-4mC site containing sequences) for the above mentioned 17 genomes were collected by satisfying the requirement that the 41 nt long sequences with Cytosine/Adenine in the center which was not proved to be methylated by experiments. By doing so, a large number of negative samples were obtained. If a model was established on an unbalanced benchmark dataset, its performance will bias. Thus, we randomly extracted negative samples with the same number of positive samples in each of the 17 genomes. Details about these data were shown in Figure S5 .
In order to provide a more objective evaluation on performances of the proposed method, we randomly divided the benchmark dataset into two parts by a ratio of 1:1 (See also Table S5 ). One part is used as training dataset, the other one is testing dataset. The former part was used to train the model, while the other part was used to test the performance of the corresponding model, which made sure that the training dataset and testing dataset are independent of each other.
The details of the datasets are freely available at (http://lin-group.cn/server/iDNA-MS/download.html)
Feature description
Adopting an effective feature extraction method is a key step in producing an excellent predictor (Manavalan et al., 2018b; Song et al., 2019; Stephenson et al., 2019) . This study introduced three feature extraction techniques to formulate 5hmC, 6mA and 4mC samples.
K-tuple Nucleotide Frequency Component
Given an DNA sequence D with L nucleic acid residue (here L=41), its most straightforward expression is:
where represents the i-th nucleic acid residue at position i in the DNA sequence.
Some sequence alignment-based tools, such as BLAST and Bowtie could search local similarity regions between sequences. However, these methods tend to lose sample information and even do not work when processing low-similar sequences. Fortunately, machine learning methods could make up for this shortcoming. However, most of machine leaning methods can only handle vectors with same dimension. Thus, it is a big challenge in bioinformatics to transfer each sample into a fixed length of the feature vector. The k-tuple composition (or called k-mer) is a smart strategy and has been widely used in genome analysis . Its principle is to convert each sample into a 4 dimension vector expressed as:
where the symbol represents the transposition of the vector, and − represents the frequency of the -th -tuple composition in the DNA sequence sample. Here, we set k=1, 2, 3, 4, which means 4+16+64+256=340 features.
Nucleotide chemical property and Nucleotide frequency
The four nucleic acids have different chemical properties. In terms of ring structures, A and G are purines containing two rings, whereas C and T are pyrimidines containing one ring. In terms of forming secondary structures, C and G form strong hydrogen bonds, whereas A and T form weak hydrogen bonds. In terms of chemical functionality, A and C can be classified into the amino group, while G and T can be classified into the keto group . Therefore, three coordinates (x, y, z) were used to represent the chemical properties of the four nucleotides and the value of 0 and 1 was assigned to the three coordinates. If the x coordinate stands for the ring structure, y for the hydrogen bond, and z for the chemical functionality, a nucleotide in DNA sequence can be encoded by ( , , ) , where
Accordingly, A, C, G and T can be represented by the coordinates (1, 1, 1), (0, 0, 1), (1, 0, 0) and (0, 1, 0), respectively.
For the purpose of extracting nucleotide composition surrounding the modification sites, the density of any nucleotide at position L in a sequence was defined as follows
where L is the sequence length, | | is the length of the i-th prefix string { 1 , 2 , ⋯ , } in the sequence, and ∈ {A, C, G, T}.
By integrating nucleotide chemical properties and nucleotide frequency, an L nt long sequence will be encoded by a (4×L)-dimensional vector.
Mono-nucleotide binary encoding
The third feature extraction technique is to transfer nucleotide to a binary code formulated as:
= {
(1,0,0,0), ℎ = (0,1,0,0), ℎ = (0,0,1,0), ℎ = (0,0,0,1), ℎ =
In our dataset, the sequences are all 41 nt. Thus, an arbitrary DNA sequence with 41 nucleotides can be described as a vector of 164 (4 × 41) features (Wei et al., 2019) .
Random Forest (RF)
The RF algorithm is a very powerful algorithm and has been widely used in many areas of computational biology (Schaduangrat et al., 2019; Win et al., 2017; Win et al., 2018) . It is a flexible and practical machine learning method. It can handle thousands of input variables without variable deletion and generate an internal unbiased estimate of the generalization error. The principle of RF is to randomly generate many trees by recursive partitioning approach and then aggregate the results according to voting rules. In this study, the number of trees is set to 100 with the seed of 1. The detailed procedures of RF and its formulation have been very clearly described in the reference (Breiman, 2001) .
Performance evaluation
Cross-validation is a statistical analysis method for evaluating the performance of a classifier. In order to save computational time, the five-fold cross-validation test was used to estimate the performance of the proposed method on training data in this study. Once the models were determined, the independent datasets were used to evaluate the models. We employed sensitivity ( ), specificity ( ), overall accuracy ( ) and Matthew's correlation coefficient ( ) to measure the predictive capability of the proposed model (Manavalan et al., 2018a; Song et al., 2018) . 
where TP, TN, FP and FN represent true positive, true negative, false positive and false negative, respectively.
In addition, we also calculated the AUC (area under the receiver operating characteristic curve) to objectively evaluate the proposed model. The AUC ranges from 0 to 1. A model with a higher AUC indicates a better performance. Figure S1 . A schematic drawing to show the three types of modifications (5hmC, 6mA, 4mC). 
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